Abstract-Landslide mapping is indispensable for efficient land use management and planning. Landslide inventory maps must be produced for various purposes, such as to record the landslide magnitude in an area and to examine the distribution, types, and forms of slope failures. The use of this information enables the study of landslide susceptibility, hazard, and risk, as well as of the evolution of landscapes affected by landslides. In tropical countries, precipitation during the monsoon season triggers hundreds of landslides in mountainous regions. The preparation of a landslide inventory in such regions is a challenging task because of rapid vegetation growth. Thus, enhancing the proficiency of landslide mapping using remote sensing skills is a vital task. Various techniques have been examined by researchers. This study uses a robust data fusion technique that integrates highresolution airborne laser scanning data (LiDAR) with highresolution QuickBird satellite imagery (2.6-m spatial resolution) to identify landslide locations in Bukit Antarabangsa, Ulu Klang, Malaysia. This idea is applied for the first time to identify landslide locations in an urban environment in tropical areas. A wavelet transform technique was employed to achieve data fusion between LiDAR and QuickBird imagery. An object-oriented classification method was used to differentiate the landslide locations from other land use/covers. The Taguchi technique was employed to optimize the segmentation parameters, whereas the rule-based technique was used for object-based classification. In addition, to assess the impact of fusion in classification and landslide analysis, the rule-based classification method was also applied on original QuickBird data which have not been fused. Landslide locations were detected, and the confusion matrix was used to examine the proficiency and reliability of the results. The achieved overall accuracy and kappa coefficient were 90.06% and 0.84, respectively, for fused data. Moreover, the acquired producer and user accuracies for landslide class were 95.86% and 95.32%, respectively. Results of the accuracy assessment for QuickBird data before fusion showed 65.65% and 0.59 for overall accuracy and kappa coefficient, respectively. It revealed that fusion made a significant improvement in classification results. The direction of mass Manuscript received September 18, 2014; revised May 8, 2015; accepted September 19, 2015 
I. INTRODUCTION
L ANDSLIDE locations should be detected to produce landslide inventories. Such inventories are used for various purposes [1] , [2] , such as recording the landslide magnitude in a region; implementing the initial stage for landslide susceptibility, hazard, and risk analysis; examining the distribution, kinds, and shapes of slope failures; and studying the evolution of landscapes affected by landslides [3] - [7] . Producing a landslide inventory map is considered a challenging task because of rapid vegetation growth in tropical regions. Vegetation can cover the landslide location, such that this location cannot be detected by most available recognition techniques. Thus, a rapid and accurate technique is required. Given the importance of having an accurate landslide inventory map, the principles and standards for the construction of these maps and their assessment should be clearly defined [8] , [9] . Accessibility of new remote sensing tools for the recognition and mapping of slope failures can aid in the establishment of landslide inventory maps [10] , [11] . Some general assumptions should be made to detect landslide locations and produce landslide inventories. Landslides provide visible marks, such as variations in the form, location, or appearance of the topography, which can be identified, categorized, and mapped through the interpretation of aerial photographs and satellite images [8] . Furthermore, the morphological signature differs on the basis of landslide type [12] , [13] . Another assumption is that landslides do not occur by accident or by chance [14] . Landslides are the consequences of the interaction of the physical procedures and mechanical regulations governing the constancy or failure of a slope [12] . The final assumption is that landslides are expected to occur under circumstances similar to those that led to past slope failures. Detection and mapping of slope failures are conducted on the basis of these assumptions [15] . Two major aspects should be considered to produce an efficient landslide inventory map. One aspect is related to the data used, whereas the other is related to the method employed. This research considered both aspects in providing a reliable and accurate landslide inventory map.
Traditional techniques for the construction of landslide inventory maps are mostly based on the visual interpretation of aerial photographs. Such interpretation requires multiple field surveys. Some disadvantages are that these methods are expensive and time consuming. Traditional techniques include geomorphological field mapping and visual interpretation of stereoscopic aerial photographs [16] . Some researchers have assumed that this type of mapping is more precise than remote landslide mapping [17] . However, geomorphological field mapping has some limitations. For instance, the extent of a landslide is usually too large to be completely observed in an area. Moreover, researchers have a limited perspective in recognizing all the aspects of a landslide in detail. In some cases, old landslides are covered by vegetation or have been changed by other slope failures and human activities [18] . Thus, the use of this method enables the investigator to recognize and map single landslides or small groups of landslides [15] . One of the most popular techniques for landslide detection is still being used despite considerable improvements in the technology for interpreting aerial photographs [19] , [20] . With the use of the vertical exaggeration provided by a stereoscope, the morphological form of land is amplified, such that changes can be detected. The use of this technique does not require the researcher to possess sophisticated technical abilities [21] . An aerial photograph with a large size and fine scale can cover the entire landslide location in one scene [22] . The accessibility of several sets of aerial photographs for a similar region provides a researcher with the opportunity to conduct a temporal evaluation of landslides [19] . The issue is that detecting slope failures with the use of aerial photography is an uncertain technique that requires skills, training, an organized methodology, and proper interpretation principles [23] . No standard procedure is available, and the interpreter identifies and categorizes landslide types on the basis of knowledge and the investigation of a set of features that can be recognized on the images. Moreover, vegetation height and thickness, as well as their changes, influence the recognition of slope failure when using aerial photographs [24] .
Several emerging methods have recently been used on the basis of satellite, airborne, and remote sensing technologies to aid and simplify landslide detection and mapping procedures. These technologies require less resources and time for detecting and recording information. Guzzetti et al. [12] compared traditional and advanced techniques for landslide recognition. They stated that the new techniques can enhance the precision of landslide maps, with positive influences on all derived outcomes and investigations, such as landslide modeling, susceptibility evaluation, and risk assessments. Subsequently, numerous methods have been proposed and examined by various researchers [25] , [26] . The advantages and limitations of the new remote sensing data and technologies have been likewise discussed. One of the common methods is analyzing the surface morphology with the use of very high resolution digital elevation models (DEMs). The accessibility of very high-resolution DEMs attained by high-resolution airborne laser scanning data (LiDAR) sensors provide opportunities for researchers to identify and map slope failures [27] . A significant advantage of LiDAR lies in its capability to penetrate vegetation areas and acquire valuable information on topographic conditions [28] . This capability makes LiDAR data distinct from data acquired from other sources, such as aerial photographs, in terms of the detection of slope failure in forested regions [29] . Based on the literature, the derived DEM from LiDAR sensors is mostly used for the visual assessment of topographic surfaces [30] and the semiautomatic identification of landslide characteristics. Ardizzone et al. [31] reported on the improvement in detected landslide locations when using a LiDAR-derived DEM over the interpretation of aerial photographs. Mann et al. [32] developed a method to automate the process of classifying rotational landslides from a high-resolution LiDAR-based DEM. Furthermore, the characteristics of landslides were investigated and described. The limitations of using LiDAR data are related to the cost and time required to acquire and examine data. Terrestrial laser scanning (TLS) data were also used for landslide detection and inventory mapping [33] , [34] . TLS is one of the most promising remote sensing techniques for landslide characterization and mapping because of its capability to acquire the precise dense 3-D coordinates of the terrain [35] . The TLS approach shows some bias in the recording of landslide phenomena. Thus, the method should be combined with other approaches [33] .
Another popular technique used to recognize and map landslides is satellite imagery interpretation and examination [36] . The variations that occur in the spectral signature of ground objects can be recognized by satellite sensors. Such variations can be used to detect slope failure. The identification of landslides on the basis of satellite imagery was initiated in the 1970s using the Satellite Pour l'Observation de la Terre (SPOT) and Landsat optical images [12] . The use of satellite data has increased because of the accessibility of high-resolution and very highresolution sensors, the availability of active and passive data, and the advances in computer technology for the analysis, representation, and examination of satellite images [25] , [37] .
The literature reveals three main attempts in the field of interpretation and examination of satellite imagery to recognize slope failure. These attempts are visual interpretation of optical images [19] , analysis of multispectral images using image classification methods [38] , and analysis of synthetic aperture radar (SAR) images [39] . Optical satellite images are an alternative to traditional aerial photographs and can be utilized to provide projected and orthorectified images. This efficiency of this approach has been proven in [19] and [40] . The use of multispectral imagery to detect landslides has an advantage over aerial photos, panchromatic images, and LiDAR data. Such advantage lies in the capability to record multispectral information of the terrain in specific portions. This capability facilitates landslide recognition and enables the implementation of various classifications, such as index thresholding [41] , supervised and unsupervised classifications [42] , change detection methods [43] , and object-oriented analysis [44] .
Another attempt made in the domain of satellite technology is the analysis of SAR data [39] , [45] - [47] . Terrain deformations and temporal changes can be modeled by using SAR sensors [48] . This idea was first implemented in [45] using Radarsat images and airborne SAR data to recognize large landslides in Canada. With the use of differential interferometry SAR (DInSAR) and interferometry SAR (InSAR) techniques, small movements of the terrain can be detected with centimeter to millimeter accuracy. Jebur et al. [46] identified the landslide that occurred in the Gunung Pass area, Malaysia, by using In-SAR created from Advanced Land Observing Satellite Phased Array-type L-band SAR repeat pass data. In another study conducted in [47] , the slope failure in Cameron Highlands, Malaysia, was mapped by using the DInSAR technique. The problem with these techniques is related to their complex procedure and the need for specific software. Moreover, two or more precise coregistered SAR data are needed, which is expensive and increases the workload. Most researchers found this technique difficult to understand. Furthermore, interpretation of the acquired final map requires adequate experience in SAR data analysis.
As revealed by the literature review, a set of criteria and a detailed analysis are required to construct accurate landslide inventory maps. The accessibility of high-spatial-resolution satellite images and improvements in image processing technologies provided the opportunity to conduct a more sophisticated analysis through the fusion of data from multiple sources. The novelty of the current research is that very high-resolution satellite images were fused with LiDAR-derived DEMs to gain a better view of the topography, which can be classified or visually interpreted to recognize landslides. Data fusion enhances urban surface features. Therefore, this method is valuable for many remote sensing applications. Most satellites, such as SPOT, IKONOS, QuickBird, and OrbView, produce multispectral images with low and high spatial resolutions. QuickBird satellite is rapidly becoming one of the most popular choices for high-resolution mapping with the use of satellite images. Thus, in the current research, we conducted data fusion for QuickBird imagery with a LiDAR-derived DEM to map the landslide locations in Bukit Antarabangsa, Ulu Klang, Malaysia. A wavelet transform method was used for data fusion. Moreover, advanced methods, such as Taguchi and rulebased classification, are used instead of traditional classification techniques for segmenting and categorizing the fused data.
II. STUDY AREA
Bukit Antarabangsa, Ulu Klang, Malaysia was selected as the study area for the analysis. This area is located at the zone of 3
• 11 N to 3 • 12 N latitude and 101
• 45 E to 101
• 46 E longitude. Area coverage is 53 km 2 , covering a small part of Selangor state (see Fig. 1 ). From April to June, the highest temperature in the study area is between 29
• C and 32
• C. The average rainfall is between 58 and 240 mm/month. The frequent occurrence of slope failure in this area is attributed to the heavy monsoon precipitation and unplanned development work. A destructive landslide occurred in Bukit Antarabangsa, in an upper middle-class neighborhood in Ulu Klang, Selangor, on December 6, 2008. Many families were forced to evacuate their houses. Therefore, this region was selected as a pilot study because of frequent landslide occurrences. This study focused on the landslides which occurred in 2006. The predominant land use types in the study area are vegetation and urban areas [49] . The soil has a weak structure, and the main soil types are loam and clay [50] .
III. DATA USED Two data sources, namely, LiDAR-derived DEM and QuickBird imagery, were utilized in conducting the data fusion techniques. Airborne LiDAR is a popular remote sensing method used for the digital presentation of the topographic surface of regions with small to large coverage [25] . This method uses a laser sensor, which is positioned on an airplane, to record the distance from the device to various points on the earth. In each square, 100 points can be recorded on the basis of some conditions, such as elevation, speed, and type of sensor [51] . Moreover, the condition of the terrain is an important factor. In this research, LiDAR vector point data were gathered over ∼3.46 km 2 of Bukit Antarabangsa on August 3, 2007. The data were recorded with approximately 14 732 461 data points. As previously mentioned, QuickBird imagery using high-resolution satellites has become a popular choice for mapping. The satellite contains panchromatic (61-72-cm spatial resolution) and multispectral sensors (2.44-2.88-m spatial resolution) and was captured on February 8, 2007 . The sensor covers 16.5-19 km in the across-track direction. The significant advantage of these data over conventional aerial photography is the capability to provide multitemporal landslide maps with a revisiting rate of one day [52] .
IV. METHODOLOGY
The current research methodology is constructed using various steps and is shown in Fig. 2 . QuickBird imagery with 2.6-m spatial resolution is fused with the LiDAR-derived DEM. Such fusion facilitates the recognition of landslide events in the study area. Data fusion enhances urban surface features and provides a better view of the topography.
Here is the brief description of the methodology employed in the current research. First, a DEM was extracted from the LAS (LASer) data with 1-m spatial resolution. Second, a wavelet transform algorithm was utilized to conduct data fusion for QuickBird and the DEM. Subsequently, the result of the fusion was moved to the segmentation stage. A multiresolution segmentation method was used to implement segmentation.
Numerous features of the objects can be used in multiresolution segmentation. In this paper, three parameters, namely, size, compactness, and shape, were chosen in the analysis. Various combinations of these segmentation parameters can be chosen, and the selection of each significantly affects the outcome of the analysis [53] . The Taguchi method was used to select the best combination of these parameters [54] . Most available optimization techniques are only capable of optimizing the scale but not the combination of parameters [54] , [55] . The Taguchi method is an efficient optimization technique that can overcome this limitation and recognize the optimum combination of segmentation parameters [56] . The optimum combination of parameters was specified and examined by using the plateau objective function (POF) [53] . The output of this stage was used to construct the segmented images. Subsequently, the rule-based classification technique was implemented to set the rules and differentiate between the classes. The slope factor was derived from LiDAR data for generating rules to increase the precision of classification. Three categories were defined: urban, vegetation, and landslide. A classification map was prepared. A confusion matrix was used to examine the efficiency and reliability of the classification map. With the use of the confusion matrix, four accuracies were measured, namely, overall accuracy, user accuracy, producer accuracy, and kappa coefficient. In the next step, the result was exported to be overlaid with the slope and aspect factors, which were derived from LiDAR imagery, to detect the direction of the landslide. The details for each step are explained in the next section. In order to represent the impact of fusion in analysis, a rule-based classification method was also applied on original QuickBird data which have not been fused.
A. Data Fusion
Image fusion is a technique that compounds information from various images captured in the same region. These images can be recorded by using different devices, at different periods, or with different spatial and spectral features. The fusion outcome is a new image that preserves the desired information and features of each input image [57] . With the accessibility to multisensory data in various domains, image fusion became popular for an extensive range of applications. Image fusion can be implemented by using numerous techniques [51] . The most popular image fusion techniques are intensity-hue-saturation (IHS) transform-based fusion [58] , principal component analysis (PCA)-based fusion [59] , and Brovey transform [60] . IHS, PCA, and Brovey transform are categorized as standard image fusion techniques applied under the spatial domain. The drawback of these fusion techniques is that, in some cases, they create spectral degradation [61] . This condition is more evident when images were captured at different times. Thus, outcomes are poorer than the expected results.
The wavelet transform method, which is a type of multiresolution analysis, can overcome the drawback of standard techniques [62] . The efficiency and applicability of the wavelet method in numerous fields have been examined in [63] . Previous research revealed that wavelet transform can provide the fused image with high spatial and spectral quality, particularly in terms of minimizing color distortion. This method was used for the first time in the 1980s for the purpose of signal processing. Within the last few years, the efficiency of wavelet transform in image processing has been improved [62] . Determining the important theory behind wavelet-based fusion can be difficult for readers because of different and extensive mathematical explanations. The details for waveletbased fusion calculation can be seen in the study in [62] . In this study, wavelet transform was applied for the fusion of LiDARderived DEM and QuickBird imagery using the MATLAB software.
B. Object-Oriented Classification
Object-oriented methods have two main steps, namely, segmentation and classification [64] . In segmentation, the image is partitioned into homogeneous regions (objects). This step reduces the inherent noise in pixel-based analysis and enables multiscale analysis [65] . The rule-based and nearest neighbor techniques are implemented in object-oriented classification [66] , [67] . The nearest neighbor classifier works on the basis of user-defined samples. However, rule-based classification provides the opportunity for the user to define specific rules for each object and to have control over the entire classification process. Thus, rule-based classification was utilized in this research.
Rule-based classification considers the spectral, textural, and contextual characteristics of each segment. Segmentation quality significantly influences classification. Thus, pixel-based approaches first classify pixels, considering them as independent areas to describe object restrictions, whereas the object-oriented technique works more accurately by first determining and then categorizing objects [68] , [69] . In this research, eCognition software was used to implement object-oriented classification. Three categories, namely, urban, vegetation, and landslide, were visually detected and classified in this study.
1) Segmentation:
As previously mentioned, segmentation is a technique that divides the image into nonoverlapping areas or segments. This technique is an initial and important step in object-oriented classification. The precision and quality of segmentation directly affect the accuracy of the generated classification map [70] . Two main groups of segmentation algorithms are available: edge and region based [71] . Edgebased algorithms recognize the image edges by thresholding the image gradient gained from a differentiation filter. By contrast, region-based algorithms start by dividing the entire image and then merging the homogeneous areas [71] . In this study, a multiresolution algorithm was utilized for segmentation. This algorithm can be classified as region based. This algorithm follows various steps, is initiated with one pixel, and continues until it covers all the criteria that were specified by the user [72] . Various parameters are used in multiresolution segmentation, namely, size, compactness, and shape. The Taguchi method was utilized to determine the optimum combination of the previously mentioned parameters, which is discussed in the following section (i.e., Section IV-B2).
2) Taguchi-Based Optimization of Segmentation Parameters: Determination of the optimum combination of the segmentation parameters by trial and error is time consuming and requires extensive work. Thus, optimization techniques can be a suitable solution to facilitate and reduce the time needed for the selection of parameters. The influence of various parameters on the performance attribute in a decreased set of choices can be tested by using the orthogonal array experimental design of Taguchi. An orthogonal array is related to the case where the columns for the independent variables are "orthogonal" to one another. These tables provide an easy and consistent design of experiments. This technique is often used in cases in which various levels of parameters are available. For instance, in this research, the three available parameters can produce 243 combinations, which all require a significant amount of time when tested. However, with the use of the Taguchi technique, the choices will be considerably reduced to 25 experiments.
To apply the general steps in the Taguchi method, the following steps were performed.
a) The process objective was determined in the beginning. This step entails defining the possible values of a particular parameter for the process. b) The parameters that can influence the process were then defined. These parameters exhibit variable values that can affect performance; thus, the level should be defined by the user, depending on the parameter's effect on the process. For instance, a scale value can vary from 0.1 to 1.0. When the level increases, the number of experiments to be conducted will be increased as well. c) An orthogonal array was created to design the condition and determine the number of experiments. Selecting the orthogonal array depends on the number of levels and the number of parameters. d) The experiments were then applied after the appropriate array had been selected. The effect of each parameter on the performance was then measured.
The loss function can be calculated as follows [56] :
where τ is the difference between the target value of the performance characteristic of a process, and the measured value y as a loss function. k c is the constant in the loss function that can be calculated by considering the acceptable interval as follows:
When whole parameters that affect the process are defined, the level of each parameter should also be defined. The level refers to the probable value of each parameter, in terms of maximum, minimum, and current value. In the case of a big gap between the minimum and the maximum value of a specific parameter, additional levels are also added to that parameter. The proper array was selected after the number of parameters and levels have been defined. A constant array was found for the Taguchi method. Each array can be selected depending on the parameters and levels. Table VI (shown later) was created using an algorithm of Taguchi. In the case of three parameters and two levels, the L9 array was selected. The array assumes that the number of levels is equal for each parameter. Otherwise, the assumption will be based on the highest value.
In the next step, the POF was measured for each test to examine the quality of segmentation, by using each testing combination, and to determine the optimum segmentation parameters. POF is the combination of a spatial autocorrelation index and a variance indicator. In the next step, signal-to-noise (S/N ) ratio was measured to assess the testing segmentation outcomes. A higher S/N ratio represents higher segmentation accuracy. Equation (3) was used to calculate the S/N ratio, as follows:
where n is the number of repetitions under similar test situations (n = 1 in this study), and y denotes the POF values obtained from each segmentation test. The S/N ratio table was then achieved, and the optimum condition was determined.
3) Defining the Rules for Classification: Once objects were detected and segmented by using the Taguchi method, eCognition calculates various parameters, such as size, compactness, and shape of each object. These parameters will be used as class discriminators in the object-oriented classification. These attributes of the objects are called object features. Setting the rules is the final step in classifying the fused image. Table I lists some statistical information for each band of the image before and after fusion. This information is also used in the creation of rules, as shown in Table I . Table II shows the created rules and their category for data before and after fusion. For instance, for data after fusion, the normalized difference vegetation index was used as an important index to differentiate between forest and agricultural crop lands from other classes. During the creation of the rules for QuickBird data before fusion, no any additional information, such as DEM and slope, were used. Various rules were examined, and the best result was achieved by using the final rules shown in Table II . With the use of the created rules, the fused image was classified, and homogeneous groups were recognized.
C. Accuracy Assessment
The quality of a landslide inventory map depends on its accuracy and on the type and certainty of the information represented in the map. The accuracy of the generated map can be described on the basis of the completeness of the map and the thematic precision of the information illustrated on the map [15] . The confusion matrix was used to examine the efficiency of the classification map and the detected landslide locations. The confusion matrix is a cross-tabulation of the classified and actual class labels for the study area [73] . This matrix is a square array of dimension r × r, where r is the number of categories. The confusion matrix represents the correlation among two samples of measurements taken from the classified region. With the use of the confusion matrix, the overall accuracy, user accuracy, producer accuracy, and kappa coefficient can be TABLE I  STATISTICAL INFORMATION FOR EACH BAND OF THE IMAGE BEFORE AND AFTER FUSION   TABLE II  CREATED RULES FOR IDENTIFICATION OF THE LANDSLIDE LOCATIONS measured. The overall accuracy is determined by dividing the aggregate of the main diagonal entries of the confusion matrix by the entire number of samples. The kappa coefficient was measured by usingK
where θ 1 is the ratio of correctly classified areas, and θ 2 is the proportion of agreement that is expected by chance.
V. RESULTS AND DISCUSSION

A. Fusion Result
Fusion was implemented using LiDAR-derived DEM and QuickBird imagery. As shown in Fig. 3 , objects can be easily identified in the fused image, which has the information of both input data points. This characteristic facilitates class discrimination and classification.
B. Optimization Outcomes and Segmentation
Prior to the implementation of the Taguchi method, the choices for the three parameters, namely, size, compactness, and shape, were defined and listed in five levels, as shown in Table III . With the use of these levels, 243 combinations can be created for segmentation, and the analysis of these combinations requires a significant amount of time. However, the use of the Taguchi optimization method reduced the number of combinations to 25 experiments.
As shown in Table IV , with the use of the Taguchi method, 25 combinations of the parameters for segmentation were selected for further analysis. Therefore, all 25 segmentation prototypes were examined according to the Taguchi orthogonal array. Furthermore, the measured POF and S/N ratio for each combination are shown in the last two columns of Table IV. The highest POF and S/N ratio showed the optimum combination for segmentation. As shown in Table IV , the optimum conditions for segmentation are as follows: 1) size of 80; 2) compactness parameter equal to 0.9; and 3) shape parameter of 0.5 (experiment number = 20). Evidently, a phenomenon such as a landslide has various sizes. Therefore, multiresolution segmentation is the appropriate method to segment these types of features. The use of the multiresolution segmentation technique enables the selection of various choices of parameters. Thus, instead of choosing one scale factor with the highest POF, two other scales with the highest POF values within the examined segmentations were also selected. The optimum combination of parameters was selected, and the entire image was segmented through the multiresolution technique. Fig. 4 shows the resultant segmentation map.
In the segmented image (see Fig. 4 ), we observed that the boundary of the objects was detected more accurately. A few samples were selected to represent the effect of various segmentation parameters. These samples are shown in Fig. 5 .
We observed that the use of different segmentation properties changed the defined boundaries. Visually, the segmentation with a scale of 80 can detect the exact boundary of the landslide. Such boundary is denoted in blue [see Fig. 5(d) ]. However, other segmentations included vegetation in the landslide class.
C. Classification and Accuracy Assessment Outcomes
The defined rules were used to classify the entire images (before and after fusion), after which the classification maps were produced. Fig. 6 shows the classification maps with the landslide inventory maps before and after fusion. By overlaying the LiDAR-derived slope and aspect factors, the direction of the landslides was identified. The map in Fig. 6(b) shows the location of the landslides with their direction. From the map, one can observe that landslides mostly occurred in the nonvegetated areas. This finding indicates the importance and positive effect of forests and vegetation on landslide mitigation. Land use changes and deforestation, as well as heavy rainfalls, are the landslide-triggering factors in the study area. Surprisingly, there are several misclassifications, which are shown in Fig. 6(c) . Most of the urban area is classified as landslide, which shows exaggeration in the results.
A 3-D view of the landslides was also used to better represent the location of the landslides. Fig. 7 shows the landslides and their direction. Table V shows the results of the confusion matrix for objectoriented results. For the fused data, the achieved overall accuracy and kappa coefficient were 90.06% and 0.84, respectively. The landslide class had 95.86% and 95.32% producer and user accuracies, respectively. This result reveals that the locations that have been detected as landslide areas from fused data are significantly precise. Based on the accuracy assessment outcomes, the achieved classification result can be considered a reliable and accurate source for further analysis. As previously explained, the inventory map is the basis for susceptibility, hazard, and risk analysis. Therefore, the accuracy of the inventory map directly affects future results. However, for QuickBird data before fusion, the achieved overall accuracy and kappa coefficient were 65.65% and 0.59, respectively. The reason is that DEM and slope were not involved in creation of the rules and fusion has not been done for the data at this stage. Hence, many misclassifications can be seen in the results. Compared to the fused classified data, most of the urban area is classified as landslides, which is obviously not proper to be used as an inventory map for further analysis. Object-oriented classification considers the geometric properties of the objects in addition to their spectral properties. Therefore, such approach effectively discriminated between objects and produced reliable maps. The use of objects instead of pixels helps reduce the spectral variance in each category, particularly in high-resolution imagery. Pixel-based classification methods have some weak points that the object-based classification method can overcome. For instance, spectral heterogeneity in each category and spectral similarities between different objects can be observed in pixel-based methods. However, object-based methods, which use contextual information such as geometric features associated with objects, along with spectral characteristics and auxiliary data, could address the aforementioned drawback. Another reason for the acquisition of precise outcomes is related to the use of data fusion in landslide detection. Data fusion enhances the urban surface features and produces a better view of the topography.
Spectral diagrams of all landslides in the study area were plotted before and after applying fusion to show the effect of fusion on the spectral characteristic of the features, particularly those of landslides. In Fig. 8(a) , each landslide has its own direction and format. However, all landslides produced a spectral diagram in the same direction and format after fusion [see Fig. 8(b) ]. Thus, fusion can considerably facilitate the segmentation and generation of the rules for classification. The validation results and the acquired maps reveal that the proposed method can be considered a reliable technique for the recognition and mapping of landslide locations.
D. Field Verification
In addition to accuracy assessment, field verification was conducted to examine the correctness of the landslide inventory map and to evaluate the efficiency of the proposed method. The location of the landslides was detected by using the GeoExplorer 6000 handheld Global Positioning System (GPS) (see Fig. 9 ). With the use of the differential method, the accuracy of the collected points was scaled to centimeter accuracy in the real-time method. The information obtained from in situ measurements proved the reliability of the produced inventory map. The detected landslides from the fused image are actual landslides, which were validated in the field (see Fig. 9 ).
VI. CONCLUSION
This research aimed to produce an accurate landslide inventory map with the use of efficient techniques of data fusion, rule-based object-oriented image classification, and Taguchi optimization. The combination of the proposed methods and the methodology used were applied for the first time to detect landslide locations in a tropical urban area. Data fusion was conducted using LiDAR-derived DEM and very high resolution QuickBird imagery. Data fusion enhanced the visual appearance of the features and created a better view of the topography. Therefore, data fusion facilitated and enhanced rule generation and classification performance. Although object-oriented classifications require more time for processing than pixelbased methods, object-oriented classifications are capable of overcoming the drawbacks of the pixel-based methods. The object-based method considers the spatial, spectral, and textural characteristics of the features in the process of classification, which distinguishes it from other classification methods. Rulebased object-oriented classification was selected to discriminate between classes. Segmentation, which is the first step in object-oriented classification, was implemented by using the multiresolution technique. Optimization of the segmentation parameters and creation of the rules for each feature type are the main challenges in the generation of accurate object-based classification for rapid landslide recognition.
The Taguchi optimization technique was applied to determine the optimum combination of the segmentation parameters. The Taguchi technique has been proven to be an efficient method for such applications. Orthogonal arrays, which were produced by the Taguchi technique, facilitated the recognition of the optimum combination for segmentation by implementing a limited number of examinations. Consequently, the appropriate rules were defined and applied to the entire fused image. The classification map was produced, and validation was conducted using the confusion matrix method. Moreover, in order to represent the impact of fusion in analysis, the rule-based classification method was also applied on original QuickBird data which have not been fused. The high overall accuracy of the classification map showed that it can be used as a valid inventory map, which is highly valuable in planning and disaster management policies in urban areas. Moreover, field verification was also applied to ensure the reliability of the method employed and of the inventory map produced through the use of a GeoExplorer 6000 handheld GPS. The results showed that the detected landslides from the fused image are actual landslides that happened in the past. Therefore, the achievements of the current research confirm that the proposed methodology can detect the location of landslides and produce a reliable inventory map.
